Online retailing has created an empirical opportunity to examine consumer search behavior using click stream data. In this article we examine the implications of greater variety online for consumer search intensity, and equilibrium prices. We test our hypothesis using consumer data on online search and purchase behavior from the comScore Web Behavior Panel. We find that search intensity systematically decreases in categories with broader product ranges, and equilibrium prices rise. Our findings suggests that broader product ranges in online retail markets can produce anti-competitive effects that are mediated through equilibrium responses in consumer search behavior.
Click stream data from online retail markets provides researchers with the unprecedented ability to observe consumer search behavior, for instance by providing granular data on the amount of time consumers spend browsing, the number of pages they view, and their frequency of purchase. Yet click stream data provide information only on the extent of consumer search and do not inform researchers about what consumers are searching for. Consumers may search across retailers for lower prices, which has wellknown implications on market performance, but consumers also may search within retailers to find products that better match their tastes. Moreover, the outcome of attribute search within a retailer's product offerings may not coincide perfectly with the attributes available in rivals' products, making the act of price comparison more difficult for consumers. When consumers search jointly for prices and attributes, it is essential to control for attribute search when estimating the implications of observed search behavior on market prices, and this is particularly true when examining categories that contain considerable product variety. To the extent that a systematic relationship exists between attribute search and product variety, models that estimate price responses to consumer search without controlling for product variety are mis-specified.
In this article we examine attribute search in online food markets. Online food markets provide a unique opportunity to identify empirical regularities in consumer attribute search, both because click stream data allows us to directly observe consumer search behavior and because the range of products offered by online groceries exhibit substantial cross-category variation in product variety, or the number of unique items offered in each category.
Online food markets are important in their own right. In 2010, online grocery sales accounted for $13.0 billion of the U.S. retail food business (Hartman 2012) , an amount that is expected to grow to over $100 billion (roughly 12% of total grocery spending) by 2019 (Cloud 2014) . 1 Moreover, Amazon and Walmart are now beginning to compete in the "order and deliver" market, removing many of the obstacles to growth related to access, delivery, and price. 2 In the UK, where online grocery sales are dampened by lower per capita incomes, smaller baskets purchased on each shopping occasion, and more frequent shopping trips than the U.S. average, online food retailing accounts for 6% of all retail food sales, leading Internet grocers to double their warehouse space in 2014 (Butler 2014) . Given the growing market for online grocery sales, it is important to understand consumer search behavior in online grocery markets and the resulting implications for equilibrium food prices.
Our data encompasses consumer search over a wide variety of product categories within a single retailer. Individual observations on consumer search thus isolate the intra-retailer ("within-retailer") effect of attribute search within the range of products offered by a retailer, while abstracting from inter-retailer price comparisons across retailers. We exploit variation in the range of products and prices offered by an online retailer across multiple grocery categories to identify attribute search, examine the linkage between consumer search intensity and product variety, and then control for the crosscategory variation in attribute search when estimating the effect of search on retail prices.
A number of researchers have documented significant variation in online prices for identical retail products (Brynjolfsson and Smith 2000; Clay, Krishnan, and Wolff 2001) . However, it remains unclear whether differences in online prices for an identical product such as a given book are due to search imperfections, to differentiation among retailers in services, or to the joint allocation of consumer search effort over prices and attributes. For example, consumers buying a book online may search among multiple retailers for the best price on a particular book, or spend their time browsing the range of a given retailer's products to find an interesting book, so that observations of consumer search behavior may confound price and attribute search.
In general, online and offline retailing differ in at least two important ways. First, online retailing substantially reduces consumer search costs, which conventional wisdom suggests should stimulate price competition by increasing demand elasticities among brands. However, an emerging body of literature on online search behavior provides evidence that demand elasticities for grocery items are systematically lower at online retailers than their offline counterparts (Degeratu, Rangaswamy, and Wu 2000; Andrews and Currim 2004; Chu, Chintagunta, and Cebollada 2008) . While there are a number of plausible explanations for this seemingly paradoxical effect, for instance, online consumers may tend to be more time constrained, have higher incomes, or have higher brand loyalty than offline consumers (Danaher, Wilson, and Davis 2003) , online retailing is also likely to reduce the cost of attribute search. Second, online retailers are less constrained in the extent of their product offerings than brick-and-mortar stores, leading to a "long tail" effect that flattens the sales distribution across products (Anderson 2006) . 3 The ability to search more efficiently for desired product attributes in online markets can sharpen inter-retailer product differentiation, reducing the elasticity of demand for foods sold online, and thereby raising retail margins (Alba et al. 1997; Chen and Hitt 2003; Kuksov 2004; Cachon, Terwiesch, and Yu 2008) . 4 Despite the theoretical research supporting this argument, there is little empirical evidence to date that provides clear separation between the effects of changes in price and attribute search in online markets and the commensurate effect on retail prices.
We frame our analysis of attribute search using a process similar to Butters (1977) in which consumers select a level of effort to search for the most desired brand in a category. Attribute search involves sifting through all brands stocked by the retailer, so that consumer search behavior is conditional on the degree of product variety in each category. Our model predicts that attribute search systematically decreases with product variety for two reinforcing reasons: (i) greater product variety increases the marginal cost of attribute search; and (ii) greater product variety "packs the attribute space" more densely with products, facilitating desirable matches between attributes and tastes, thereby reducing the marginal benefit of attribute search. For example, if a consumer is searching the attribute space for wheat-based breakfast cereal with low sugar and dried-fruit, attribute search intensity is likely to decrease if the cereal category is sufficiently deep that wheat-based options can readily be found with low sugar and dried fruit that do not require the consumer to weigh the relative merits of exchanging sugar for dried fruit, or substituting rice-based cereal for wheat.
Attribute search within a retailer's product line can also impact retail prices. If consumers search only for prices, as in Tappata (2009), Hong and Shum (2006) , or Wildenbeest (2011) , then the orthodox result arises that lower search intensity reduces demand elasticities, causing equilibrium prices to rise. However, if consumers also search for attributes, as they most surely do online (Anderson 2006) , then attribute search can cause consumers to become more particular about the specifications of the product they want, and therefore become less sensitive to price variation across retailers. Attribute search complicates the act of price comparison across retailers because the attribute mix found at a given retailer may differ from what can be found at a rival retailer, allowing retailers to raise equilibrium prices.
We test the implications of our model of attribute search using data from visitors to a major U.S. online grocery retailer. We exploit variation in the number of brands offered in different online grocery categories to examine how attribute search changes in response to variation in the range of products offered. Our click stream data encompasses consumer-level observations of items purchased, amounts paid, and several alternative measures of search intensity. We rely on two of these measures-the duration spent on the website, and the number of pages viewed-as proxy measures of search intensity. 5 Use of these measures allows us to test the relationship between product variety and search intensity, and then examine the implications of search intensity for retail prices in a reduced-form search model that controls for the effect of product variety on attribute search. 6 We also control for the possibility that search is influenced by loyalty to either a brand or a category of products. If retailers understand that consumers will search less for brands to which they are loyal, or categories that they buy frequently, then we would expect equilibrium prices to be higher in categories characterized by high levels of either form of loyalty. Our empirical findings strongly support our main hypothesis that search intensity declines with product variety, even after controlling for both forms of loyalty.
Controlling for attribute search, we find that equilibrium retail prices rise with product variety. This outcome has important implications for retail prices in online food markets. If online retail food categories are characterized by "long tails," consumers may respond by searching more intensively for specific food attributes, resulting in decreased demand elasticities and higher food prices.
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Our results indicate that online food retailers use the online channel to provide increased product variety, thereby reducing the marginal value of attribute search, which makes inter-retailer price comparisons more difficult and facilitates retailer market power.
In the next section, we derive a simple theoretical model of variety, search, and retail prices in which consumers search for the attributes they prefer in an attribute space inhabited by differentiated food products. Following that, we summarize our data and describe our empirical strategy in more detail. Next, we present and interpret our econometric results. In the subsequent and final sections, we draw some of the more important implications of our findings for the 5 The researchers de Los Santos, Hortacsu, and Wildenbeest (2012) employ similar data from comScore, Inc. to test the appropriateness of sequential relative to a non-sequential model of search in a multi-retailer model of book shopping. These authors conclude that the data are more consistent with a nonsequential model of search. While our data is similar to theirs, our objective is to study attribute search among several categories at a given retailer, rather than inter-retailer search for the same item available at different retailers. 6 We estimate a recursive model of search and pricedetermination in which we instrument for endogenous search intensity.
7 The "retail long tail" effect refers to the notion that lower search costs and deeper inventories online facilitate sales for particularly slow-moving, or the low-probability-of-purchase, items (Brynjolfsson, Hu and Simester, 2011). performance of the retail food sector, and for food prices more generally, and suggest avenues for future research in this area.
Economic Model of Consumer Search
In this section we develop a simple conceptual model of attribute search, and then use this model to derive testable hypotheses regarding how the net benefits of attribute search vary with product variety. Our observations are framed by a Butters-type (Butters 1977) search process in attribute space. Consumers have no ability to target search towards particular product segments and choose a level of "search intensity" to apply to the entire product category, which represents the level of effort spent searching for desired attribute combinations in the available brands. Following Bakos (1997) and Innes and Hamilton (2014) , we represent the attribute preference of an individual consumer as a point on the circumference of a unit circle. Consumers have heterogeneous preferences over the attribute and are uniformly located around the circle. Each consumer has unit demand for the product that matches most closely with her preferred product attribute combination, and retailers array their products at specific points on the circle to match attributes in their product lines with consumer tastes.
Consider a full-information model of consumer behavior in which consumers are aware of the product attributes and prices available at all retail locations. Consumers selecting among products offered by a given retailer incur a "matching cost" of d per unit of distance in attribute space between the location of their most preferred product and the location of the nearest available brand. Retailers are able to influence the distance between consumers and their most desired products by increasing the number of products they stock, denoted by n. Given a uniform distribution of consumer preferences for product attributes, retailers optimally locate products symmetrically on the circle to minimize average matching costs. Measuring product variety continuously on the unit circle, the expected consumer matching cost when shopping at a retailer with product range n is ð1Þ 2n
To clarify the role of product variety in consumer utility, assume prices are constant and equal across products in the category, for instance when the products represent different flavors of yogurt at a supermarket.
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Letting v represent the gross value each consumer receives from consuming her most preferred set of product attributes, the expected utility from shopping at a retailer offering product range n and prices p is
Indirect utility is decreasing in prices and increasing in product variety, so that retailers attract customers to their stores by discounting prices and providing greater product variety. Now suppose consumers choose a level of search intensity, /, to apply to the entire product category. Specifically, let / i denote the search intensity of consumer i in the attribute space of a representative retailer, where selecting a greater search intensity makes it more likely to find all brands stocked by the retailer. Letting c i ð/ i ; nÞ denote a general cost function for search among brands, we choose to measure / i as the probability of finding a given brand as a result of search.
In the context of online shopping, such a search process emerges when the products available in a given category appear on a retailer's webpage in random order. Each page contains a collection of brands that is not customized to the particular consumer, and search intensity can be interpreted either as a consumer's choice over the number of pages to browse or the time spent browsing each page, where each brand is equally likely to be "discovered" by the consumer.
When consumer i searches the attribute space of the retailer with intensity / i , she finds her most desired brand with probability / i . With probability / i ð1 À / i Þ, the consumer does not find her first-best brand but does find her second-best brand, with probability / i ð1 À / i Þ 2 the consumer does not find her first-best brand or her second-best brand, but does find her third-best brand, and so on. In total, the probability of finding at least one brand among the n brands in the product category is
Matching costs facing a given consumer depend both on search intensity and good fortune. Among consumers finding their first-best brand, matching costs on average are given by equation (1). Among consumers finding their second-best brand, matching costs on average are given by 2nd
, and in general, the expected matching cost for a consumer who finds her kth-best brand is 2nd
Taking into account the location of products in attribute space, expected utility (gross of search cost) for consumer i selecting search intensity / i is Eðuðp; n;
10 Summing terms yields ð2Þ Eðuðp; n; / i ÞÞ
For reasonable parameter values such that ð1 À / i Þ n is small, a good approximation to expected utility in equation (2) is
Next, let cð/ i ; nÞ denote consumer costs of attribute search, where c / > 0; c /n ! 0; and c // ! 0. We assume marginal search costs are upward-sloping in search intensity, c // ! 0, and rise (at least weakly) in the number of products stocked, c /n ! 0. That is, maintaining a constant probability of finding a given product becomes more costly when the number of products is larger.
Upon entering a retail store, consumers facing posted prices of p and product variety n select a search intensity to maximize expected utility in equation (3), net of the cost of search, Eðuðp; n; / i ÞÞ À cð/ i ; nÞ
The optimal search intensity is then defined as the solution to
In settings with hierarchical search, it follows by implicit differentiation of equation (4) that
The intensity of consumer attribute search decreases with product variety in the market equilibrium. The reason is twofold: (i) greater product variety increases the marginal cost of attribute search, c /n ! 0; and (ii) consumers 9 In the analysis to follow, we generally assume that ð1 À / i Þ n ¼ 0, which implies all consumers searching a product category find at least one brand.
10 An alternative explanation of the search process is that consumers arrive at a website and invest time learning about a subset of S randomly selected varieties. If each product stocked by the retailer has an equal probability of appearing in the sample, then the probability that the consumer finds the yth best fit to her tastes in the sample is PðyÞ ¼ yþ1 n S À y n À Á S . This search process yields a qualitatively similar probability distribution for the matching process. We thank the editor for pointing this out.
are more likely to find products that provide reasonable matches with their tastes when there is greater variety to choose from, decreasing the marginal benefit of search. An increase in retail product variety packs the attribute space more densely, reducing the distance between "nearest neighbors" in the product category, and this makes engaging in costly search to improve the match from the nth-preferred to the (n -1)th-preferred brand have a smaller consequence for utility. Notice that attribute search does not depend on retail prices on the intra-retailer margin. The reason is that consumers must search the attribute space to find their most desired product irrespective of the price level in the category. The process of attribute search on the intra-retailer margin results in a particular match at that retailer that can subsequently be compared with the expected product matches and prices available at rival retailers on the inter-retailer margin.
Because our model focuses on attribute search within a particular retailer, the effect of search on retail prices remains an empirical question. Empirical studies of online retail markets generally find that prices are higher online than offline because demand elasticities tend to be lower online (Degeratu, Wangaswamy, and Wu 2000; Andrews and Currim 2004; Chu, Chintagunta, and Cebollada 2008) . However, none of these studies isolate a specific mechanism through which demand elasticities decrease apart from demographic factors (e.g., higher incomes online, more time constrained, etc.). Here, we provide such a mechanism. Retailers tend to provide greater product variety in online markets, which causes consumer search intensity to fall. As a consequence, the product a consumer selects from a given retailer's product range is less likely to be directly comparable with the product the consumer would select from the rival's product range, making items compared across retailers less substitutable.
Our model uncovers a systematic relationship between consumer search behavior and product variety. Given that consumer search intensity decreases with retail product variety, it is essential to control for product variety when estimating the effects of search on retail prices. When observing consumer search, it is impossible to know whether consumers are searching for attributes or searching for prices, so that models that ignore the systematic relationship between search and product variety are mis-specified. Specifically, if consumer search intensity for product attributes falls with product variety, a larger share of observed search behavior is comprised of price search in product categories with a wider selection of brands. Models that fail to control for the decrease in attribute search as a share of observed search behavior as product variety increases will tend to upwardly bias the estimated impact of search on prices in categories with relatively wide product ranges because observed search behavior will be more concentrated on prices than predicted.
In the following section we describe our empirical approach to estimating the effect of consumer search on prices while controlling for the effect of product variety on attribute search. In the empirical model below, we first test the prediction of the theory that product variety reduces search intensity using a reduced-form model of search behavior and price response.
Empirical Test of Variety and Search Intensity
Overview Empirical tests of search theory are relatively rare because search behavior in traditional retail channels is difficult to observe. Recently, however, researchers have begun to exploit web technology that enables the direct observation of search behavior online (Koulayev 2010; Honka 2010; Honka and Chintagunta 2013) . For our empirical test, we use data describing grocery purchases made by online shoppers at a major supermarket website. By directly observing search behavior, we are able to conduct empirical tests of our theory more effectively than the "structural" literature in which search behavior is only inferred (Mehta, Rajiv, and Srinivasan 2003) .
Online Search Data
Our data is drawn from the Web Behavior Panel (WBP) of comScore, the most prominent source of online purchase data in the United States; their WBP consists of over 50,000 households, tracked over a 3-year period.
11 For our purposes, we are interested in panelists' grocery shopping behavior, so our data focus on visits to the website for a major national online grocery retailer. 12 The total number of households that report more than 10 visits to the website was 36. The WBP subjects permit comScore to install software on their primary home computer that tracks each keystroke when they are online. This "clickstream" data provides primary data on the websites visited on each session on the computer, the pages visited in each domain, the duration spent on each page, and whether or not a page visit results in a purchase. From an economic perspective, WBP data allows the direct measurement of each shopper's consideration set, how seriously each element of the consideration set was vetted, and which element was ultimately chosen. Our sample of WBP data, therefore, comprises some 5,267 clickstream observations and 148 completed shopping baskets from 389 different product categories.
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Testing the hypothesis of our theoretical model requires a measure of search intensity and a measure of product variety. We measure product variety (VAR) as the sum of all universal product codes (UPCs) or unique items purchased in each product category across all panel members over the sample period.
14 That is, if panelists purchased a total of 20 unique cereal products over the sample period, then we treat n ¼ 20 for the cereal category. From the theoretical model above, retailers make decisions regarding the range of product lines to offer, or variety, in order to attract customers to the store, perhaps as an outcome of a prior game played among rival retailers, and not in response to their expectations regarding the effect on consumer search. 15 We derive three measures of search intensity from the WBP data. First, we observe the number of pages viewed by each panelist on each shopping occasion, or browsing session in this case. The number of pages viewed per session is a rough measure of search intensity because the more pages viewed, the more products were considered; however, this measure does not take into account the number of products purchased on each shopping occasion, which varies across browsing sessions. Therefore, we calculate a more precise measure of search intensity (SEARCH [P] ) by dividing the number of pages viewed by the number of products purchased on that shopping occasion. The resulting measure is likely to more closely capture the number of products considered for each purchase. Third, we measure the amount of time consumers spend per browsing session. Normalizing the session duration by the number of products purchased (SEARCH [D] ) provides a reasonable proxy for the amount of mental processing time used to assess each product prior to purchase. If shoppers indeed take the time to compare nutritional labels, or read ingredient lists, then SEARCH (D) would be much higher for a new product purchase relative to a habitual purchase wherein no consideration of attributes takes place.
We also have a measure of the unit price paid for each item purchased by each household on each shopping occasion (PRICE). In order to ensure that the price variable is as comparable as possible across sample subjects, we define the price paid as the average unit price ($ per relevant unit of measure for that category) across all purchases made by each household, on each purchase occasion, in each category.
Exploiting product range, search, and price variation across different categories in a panel-data environment is key to identifying consumer attribute search behavior. While other researchers examine search across retailers (Brynjolfsson and Smith 2000; Clay, Krishnan, and Wolff 2001) , they are unable to disentangle the intra-retailer margin from the inter-retailer margin of search. In our data, shoppers search more or less intensively across different product categories within the same retailer, allowing us to systematically measure the relationship between attribute search and product variety. We document the extent of category-level variation in product variety and search intensity in the next section.
12 There are more than this one retailer in the data set, but given that grocery retailing is still a small part of general online retailing, there are not enough panel observations for other retailers to provide a meaningful sample. 13 The categories represented include a wide variety of food and non-food items, from cereal and ketchup to paper products and laundry supplies.
14 Note that this definition of variety may not capture all UPCs offered in each category. However, our definition of variety reflects revealed preferences in the data, or the "effective variety" as UPCs that are not purchased are out of the aggregate consideration set, so should not be considered for estimation. An emerging body of literature differentiates between observed and effective consideration sets in both marketing (Mehta, Rajiv, and Srinivasan 2003; Koulayev 2010 ) and in environmental economics (von Haefen 2008), so our definition of variety is, in fact, more correct than a simple count of all SKUs would be. 15 We report the results of a test for exogeneity below, results that fail to reject the null hypothesis of exogeneity.
Stylized Facts and Data Summary
In this section, we provide a profile of the online grocery shoppers in the WBP data relative to a sample taken from a commonly used panel of offline shoppers (Nielsen Homescan). Based on the evidence presented in Degeratu, Rangaswamy, and Wu (2000) , Andrews and Currim (2004) , and Chu, Chintagunta, and Cebollada (2008) , online and offline shoppers differ in important ways; however, it is not immediately obvious that the shoppers in our data share similar demographic characteristics as those in earlier studies. In our sample, the average online shopper spends $180.23 per visit, is 52 years of age, and has an annual income of $88,300. For comparison purposes, the average Homescan shopper in 2009 is 50.3 years old, spends $41.60 on groceries on each shopping trip, and has annual income of $51,554. The finding that online buyers have higher income, and spend more on each shopping occasion than offline shoppers is consistent with the literature on online shopping (Degeratu, Rangaswamy, and Wu 2000) . 16 A more complete profile of the average WBP shopper is provided in table 1 below.
The data in table 1 demonstrate that our data contains sufficient cross-category variation in variety, search, and prices to investigate the relationships that follow from our theoretical model of search. These summary statistics show that, on a category basis, the mean number of products offered in each category is 5.83, with a cross-sectional standard deviation of 7.51. Although this is considerably lower than the observed number of stock-keeping units (SKUs) in a typical category, whether online or offline, recall that our measure of product range is the number of products actually purchased by WBP members over the sample period. Because the comScore category definition is very narrow, the effective product range is more realistically measured by the items actually purchased than by all the items stocked at a given time. Notice that the number of pages viewed per category is 1.73, with a standard deviation of 1.72, and the average duration is 1.04 minutes with a standard deviation of 1.04, so clearly consumers are not simply clicking on one item, and purchasing it reflexively. Taken together, these summary data suggest ample variation in product variety and search behavior in our data, whether measured by the number of pages viewed, or the time spent viewing each page.
We calculate correlation coefficients among variety, search intensity, and category-average prices, using our alternative measures of search intensity. These results are shown in table 2 below. In the upper matrix of table 1, we show correlation coefficients between variety, search intensity, and category-average prices where search intensity is defined by our SEARCH (P) measure. In the lower matrix, we define search intensity instead under our SEARCH (D) measure, or the amount of time taken to purchase each item. Using the SEARCH (P) measure, we find a statistically significant negative correlation between product variety and search intensity, as predicted by our theory. Moreover, we find a negative, and significant, relationship between SEARCH (P) and category-average prices, suggesting that consumers indeed pay more for their products when they search less intensively. Perhaps not surprisingly, the simple correlation between variety and prices, without considering search, is significant and positive (Trindade 2012; Richards and Hamilton 2015) . That is, higher prices tend to be observed in categories with deeper product ranges.
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In the lower matrix, we find a similar set of results when defining search intensity as the time taken to find each product. Namely, a deeper product range is associated with lower search intensity and higher prices. When measuring search intensity with the SEARCH (D) variable, the intervening linkage between search and prices is no longer statistically significant at the 5% level; however, simple correlation coefficients do not take into account other factors that may influence the incentive to search. In the next section, we develop a more complete empirical test of our theory of search and retail prices.
An Empirical Model of Variety, Search, and Retail Prices
In our theoretical model, we implicitly assume that retail variety decisions occur prior to households' search decisions, which in turn can mediate retailers' pricing decisions. This assumption is both reasonable and descriptive as retail stocking decisions are made on monthly or quarterly cycles according to contracts with suppliers, while pricing decisions are made weekly for each product in the store. Moreover, Brynjolfsson, Hu, and Simester (2011) argue that deeper product ranges online are facilitated by technological and supply-chain advances that are independent of any household's decision to search. Consequently, retail product variety is exogenous to the consumer's purchasing decision. Conditional on the amount of product variety available in each category, consumers decide how much to search, and based on the level of search activity, retailers then set equilibrium prices based on their expectations of how shoppers will respond. Formally, our theoretical model suggests that retailers and consumers play a threestage game with the following structure: the retailer conditions shopper behavior by choosing variety in the first stage (Richards and Hamilton 2015) , while consumers observe the conditioning variable and search in the second stage. In the third stage, retailers observe search behavior and set prices. We apply our estimation strategy using backward-induction, estimating a reducedform, recursive system in which price depends only on endogenous search, where search behavior, in turn, is conditional on product variety.
In the first equation, we specify the level of search intensity as a function of retail variety and other covariates. In the second equation, retail prices are specified as functions of the level of search intensity alone. Because retail prices are assumed to be related to variety only through this search mechanism, the relationship is recursive, and not fully simultaneous. Note: Brand Loyalty is a 0 / 1 variable that equals 1 if the shopper purchased the same brand the previous time a brand was purchased in a particular category. Category Loyalty is a 0 / 1 variable that equals 1 if the shopper bought from the same category during the previous session.
In our retail pricing equation, search intensity is endogenous. Given the recursive structure of our system, we instrument for search intensity with retail variety. In the first-stage instrumental variables regression, this instrument performs well for both the pages (SEARCH [P] ) and duration (SEARCH [D] ) definitions of search intensity with F-statistics of 22.481 and 15.387, respectively. Both of these values are above the criteria for weak instruments reported in Staiger and Stock (1997) . Our empirical model of variety, search, and retail prices imbues this logic as it consists of two equations: One describing search intensity as a function of product variety (and other factors), and a second relating search intensity to equilibrium retail prices.
We also include a number of demographic, socioeconomic, and behavioral variables that are likely to influence search intensity. First, most search cost models assume that search behavior is determined by travel cost, and cognitive cost, or the dollar-metric amount of time spent thinking about how one product compares to another (Mehta, Rajiv, and Srinivasan 2003) . Cognitive cost, in turn, is determined by the innate ability of the decision maker to recall and compare accurately, and his or her opportunity cost of time. Because we do not have data on individual recall costs, we include covariates on household income, age, and the number of children in the household as measures of the opportunity cost of time. Income is a direct measure of the opportunity cost of time, as it reflects the value of next-highest use of the shopper's time. For much the same reason, search cost should fall with age. Controlling for income, the opportunity cost of time spent shopping should fall with age.
Household size is expected to be positively related to search costs for two reasons: if tastes are randomly distributed among household members, and one shopper is nominated to buy for the entire household, then larger households place a greater decision-making burden on the shopper. For example, in our data, we often observe multiple brands purchased within a single category. Withinhousehold taste heterogeneity is often advanced as a reason for such observed multiple discreteness (Dube 2004) . Moreover, it is reasonable to assume that the shopper is an individual who is also tasked with other household-management duties. Larger households mean greater competition for the shopper's time, and a higher implicit cost of avoiding these other responsibilities. Further, the presence of children is expected to be positively related to search costs, both for the same reasons as the household-size effect, and the expectation that adult household members impose a lower time burden on the shopper than do children.
Loyalty is also likely to be an important determinant of search and, independently, of retail pricing. In household-level data, loyalty is well-understood to be a common feature of brand-purchase data (Agrawal 1996; Bucklin and Lattin 1991) . Although we estimate our model at the household-category level, and not at the brand level, if a household is loyal to a particular brand, they are likely to search less. Further, retailers understand the importance of loyalty, so are likely to price brands that attract loyal customers higher.
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Consequently, we include a measure of brand loyalty in both the SEARCH (P, D) and PRICE models. Although there are many ways to empirically define loyalty, we adopt a measure common in the marketing literature that defines a household to be brand-loyal if it purchased the same brand on the previous shopping occasion, conditional on purchasing in a particular category (Bucklin and Lattin 1991) . Loyalty to a category, or the tendency to purchase the same type of item on successive shopping trips, may also reduce the tendency to search, and increase equilibrium prices. Therefore, we also include a measure of category loyalty, defined as a binary variable that assumes a value of 1 if an item was purchased from the same category during the prior shopping session.
Formally, the estimated model of search intensity and retail prices is written as
where SEARCH(j) is the j measure of search intensity described above, SEARCHðjÞ e is the expected value, or fitted value, of SEARCH(j) from the instrumental variables equation, AG is the age of the shopper, IN is household income, HH is the number of individuals in the household, CH is a binary indicator measuring the presence of children in the household, BLY and CLY are measures of brand and category loyalty, respectively, VAR is the total number of stockkeeping units offered in each category, h indexes households, t indexes shopping occasions, and iht are independently, and identically distributed (iid) error terms for each equation.
19 Because of the recursive nature of our model, we estimate each equation separately, instrumenting for endogenous search in the manner described above.
We exploit the panel nature of our data by estimating both fixed and random-coefficient models. In the variety-and-search equation, we allow the constant term and response to variety to be randomly distributed on the expectation that unobserved heterogeneity will play an important, yet independent, part of each effect. Specifically, we assume b 0h ¼ b 0 þr b 0 1 ; where 1 eNð0; 1Þ and b 7h ¼ b 7 þ r b 7 2 ; where 2 eNð0; 1Þ and r b i are scale parameters associated with the random effects. Our expectations are well-justified. First, allowing the constant term to vary over households reflects the fact that some people simply like to shop more than others (or dislike shopping less). All else being constant, these individuals will search more intensively, motivated either by a search for the "transaction utility" associated with finding a deal (Thaler 1985) , or because they happen to be more particular in their attribute demands, that is, how much individuals search regardless of variety, and the variety effect itself. Second, we also expect the variety effect to differ over households for reasons that are not reflected in our data. While our theory is based on the behavior expected from a representative shopper, we acknowledge that there may be some individuals in the data for whom variety presents a greater burden-the "choice overload" hypothesis advanced in the literature (Klemperer and Padilla 1997; Iyengar and Lepper 2000; Diehl and Poynor 2010) so that search intensity actually rises in variety because they are unable to make a decision. By allowing this parameter to vary over households, our model therefore provides an indirect test of the overload hypothesis.
We allow the constant and the search-effect to be randomly distributed over households in the search-and-price equation. Regardless of the amount of search activity undertaken, we expect to find that some shoppers are simply willing to pay more for the same product relative to others out of brand preference, an aversion to substitute brands, or simply out of indifference to price changes. With respect to the search-effect, our theory suggests that search and prices are negatively correlated, because consumers who are able to find their desired product more easily will be willing to pay more for products that more closely match their preferred attribute set. Our hypothesis refers to the mean effect from all shoppers even though the random parameter admits behavior that may deviate among some members of the sample.
Our model provides a parsimonious framework for estimating the relationship between variety and search. While search behavior can potentially also be a function of prices, for instance, if shoppers spend more time searching in categories that have higher average prices, the differences in prices between categories is likely not sufficient to induce differences in price-based search behavior on a particular shopping occasion within a particular grocery store. Moreover, as a practical matter, conditioning search on category price levels would require us to instrument for price in the search equation, and our data do not contain a suitable instrument for price. While we could also endogenize the choice of variety by retailers, the simpler structure of the game assumed here is both tractable and reasonable provided variety decisions by retailers are primarily designed to attract customers to the store, and are not dependent upon realizations of search and equilibrium prices.
Results and Discussion
We first examine the empirical evidence on our hypothesis regarding variety and search behavior, and then we scrutinize the relationship between search and prices. In each case, we first present results from a simpler, fixed-coefficient version of the model, and then compare the fit of this model to our maintained, random coefficient specification.
In the fixed-coefficient specification, we estimate the relationship between search and variety, where search is defined as the number of pages per item purchased (SEARCH [P]). These results are shown in table 3 below. Notice that the point estimate of the variety effect on search is indeed negative, as hypothesized, and is significantly different from zero. When we allow this effect to be randomly distributed over sample households, however, the mean effect becomes roughly 10% larger in magnitude and is, again, significantly different from zero.
20
That is, the deeper the product range in each category, the less the shopper searches before making a purchase, at a rate of roughly 1 fewer page viewed for every 7 products added to the range.
Notice that the standard deviation of the variety effect is roughly 20% as large as the mean effect (0.03 versus 0.15). Given the assumption of normality, this outcome indicates that some members of the sample shop more when presented with greater product variety. Further, the size and significance of the scale of the constant term suggests that there is a wide range of online shopping behaviors represented in the data. While some panel members appear to shop extensively for groceries online, others appear willing to avail themselves of the opportunity to shop very little, if at all. Online shopping is amenable to both types of shoppers.
Among the other variables of interest, we find that shoppers who are older, have more income, who have children, and who are loyal to brands and categories tend to search less, as expected, but shoppers representing larger households tend to shop more. In this case, we expect that the taste-heterogeneity effect described above dominates the relative lack of available shopping time.
When search is instead defined as the amount of time taken to make each purchase (SEARCH [D] ), a slightly different picture emerges. We still find that the random coefficient model is preferred to the fixedcoefficient alternative (v 2 ¼ 9; 898:0Þ, but the random coefficient estimates differ qualitatively with respect to the effect of household size and children on the propensity to search. Whereas our estimates with the pages definition of search intensity (SEARCH [P] ) show that households with children tend to search less intensively, the random coefficient model with the duration definition of search suggests that they search more intensively. Although households with children may have less time, they may also be more selective in the items they are searching for. While households with children are likely to be more price sensitive, they may be looking for more diverse attribute sets, regardless of price.
The estimated relationship between search and product variety is consistent with our model predictions. As the entries in the tables indicate, there is a significant, negative relationship between product variety and search intensity, an outcome that is robust to the definition of search intensity. Consumers search less frequently in response to greater retailer provision of product variety, suggesting that at least a portion of observed search behavior encompasses search for attributes among products within retail categories. Moreover, the statistical significance of the standard deviation of the variety coefficient is also consistent with the model, indicating that there is substantial unobserved heterogeneity in search intensity when consumers are confronted with greater product variety.
Tables 5 and 6 present our estimates of the price effect of online search using the SEARCH (P) and SEARCH (D) definitions of search intensity, respectively. In both models, we instrument for endogenous search behavior using the instrumental variables procedure suggested by the recursive nature of the game played between the online retailer and consumers. After controlling for attribute search, the estimates in table 5 show for both our fixed-and random-coefficient specifications that search intensity and prices are negatively related, as suggested by conventional theory. It is important to remember that equilibrium retail prices are mediated through attribute search in our model; that is, consumers search jointly for low prices and for products that suitably match their tastes.
How do we know consumers are not searching only for low prices in our data? If 20 The random coefficient specification is preferred relative to the fixed-coefficient model according to a likelihood ratio test as the test statistic of 9; 578:6 is greater than the critical chi-square value (with 2 degrees of freedom) of 5.991. Note that fitted values of the fixed and random-coefficient models cannot be compared by multiplying the mean coefficient estimates by the means of the variables shown in table 1 because fitted values must be found using the household-specific estimates for each parameter.
online shoppers were indifferent to attributes, consumers in our sample would simply buy the lowest-priced item in each category. But shoppers in our sample do not always buy the lowest-price item, suggesting that significant heterogeneity exists in consumer tastes. This finding provides preliminary evidence that shoppers compare attributes in the products available online, thus engaging in costly attribute search prior to purchase.
We test this outcome more directly by comparing the fixed-coefficient to the random-coefficient specification. In our model, the fixed-coefficient specification implicitly assumes that there is no heterogeneity among sample members in terms of their willingness to pay for grocery items online, whether independent of their search behavior (the constant term), or as a result of their search behavior (the search term). Although the mean effects are similar between the fixed and random-coefficient specifications, we reject the assumption of no heterogeneity based on both the outcome of t-tests of the scale parameters associated with each variable and the outcome of a likelihood-ratio test of the validity of restricting both parameters to be non-random (v 2 ¼ 1; 197:63). We also estimate the search-and-price model using the SEARCH (D) definition of search intensity in order to examine the robustness of our finding. As the estimates in table 6 show, the results are very similar. Search and prices paid are again negatively related when search intensity is defined in terms of the time taken to find a desired product, and there is substantial heterogeneity in the search-and-price relationship, even after controlling for both forms of loyalty. Corroborating our previous results with a different definition of search is perhaps not surprising because the primary factor in increasing the duration of search online is the number of products examined, or alternatively, the number of pages of information viewed.
Our findings have a number of important implications for the online retailing industry. First, as others have found, we find support for the notion that the expansion of online food retailing is not likely to be as procompetitive as principles of economics would have us believe (Brynjolfsson and Smith 2000; Brown and Goolsbee 2002; Chevalier and Goolsbee 2003; Brynjolfsson, Dick, and Smith 2010) . Because online food retailers are able to provide greater product variety in each category than offline retailers, we expect the increase in product variety to lead to lower search intensity among online shoppers, resulting in more difficult price comparisons across retailers and commensurately higher retail prices. Second, an emerging body of literature on online search behavior provides evidence that online demand elasticities for grocery items tend to be lower than their offline counterparts (Degeratu, Rangaswamy, and Wu 2000; Andrews and Currim 2004; Chu, Chintagunta, and Cebollada 2008) . The usual reasoning for such a finding is that online consumers tend to be more time constrained, have higher incomes, purchase both larger item sizes and a greater number of items on each shopping occasion, are more brand loyal (Danaher, Wilson, and Davis 2003) , purchase brands more frequently out of habit, or are simply willing to pay more for the convenience of avoiding physical stores. We depart from this literature to explicitly consider the possibility that the larger amount of nonprice attribute information available online alters the intensity of attribute search for differentiated products.
In purely conceptual research, Alba et al. (1997) attribute the difference between online and offline elasticities to the volume of price and attribute information available online. Because online consumers have access to more information on non-price attributes, they are more likely to choose brands based on desired attribute composition, making price a less important consideration in the purchase decision. Similarly, Lynch and Ariely (2000) conduct experiments on wine sales, and find that providing more information on non-price attributes does indeed reduce price sensitivity. We empirically examine a similar question-the linkage between product variety and search intensity over attributes, and the resulting implications for equilibrium prices-and control for unobserved heterogeneity in a panel-data environment to account for many of these confounding factors. The empirical evidence strongly supports our hypothesis that search intensity systematically declines with product variety, and controlling for attribute search, our findings corroborate that equilibrium retail prices rise with product variety in online grocery markets.
Third, increased product variety in online grocery markets has important welfare implications. If online shoppers are able to find items that better match their attribute preferences, and find them more easily in deeper product ranges, online grocery markets can have desirable welfare implications, even if consumers ultimately pay more for the products they purchase.
Fourth, our findings suggest another mechanism that underlies the finding that product variety and retail prices are positively related (Trindade 2012; Richards and Hamilton 2015) . This outcome is commonly attributed to a softening of retail price competition when retailers promote product variety as a non-price competitive tool. Our results suggest that the mechanism whereby increased product variety relaxes retail price competition instead may be mediated through consumer search behavior.
Although our findings support our hypotheses, there are other possible explanations for the negative relationships between variety and search, and between search and prices. With respect to the variety-and-search relationship, it may be that excessive variety causes consumers to give up searching, which is the core of the "overloading hypothesis" from the experimental literature (Diehl and Poynor 2010) . However, the range of products offered in our data means that this is less likely than our argument. Second, the negative relationship between search and prices may instead be due not to less search leading to higher prices-our mechanism-but rather more search leading to lower prices. If categories with fewer items tend to cause consumers to look more intensely at the options available, then price considerations may dominate. This would explain a negative relationship between search and prices. However, our summary data shows that this is less plausible than our maintained argument.
Conclusions
In this article, we examine consumers' search behavior in online grocery markets. Online grocery markets present an ideal context to examine the relationship between consumer search, product variety, and retail prices because click stream data from online markets permit direct observations on search intensity and because grocery markets encompass substantial cross-category variation in product variety.
We develop a model of attribute search that links consumer search intensity to the number of products a retailer stocks in a category. Our model predicts a systematic relationship between product variety and attribute search in which consumer search intensity falls with product variety. We test this hypothesis using consumer data on online search and purchase behavior and demonstrate that consumer search intensity decreases in categories with deeper product ranges. This outcome suggests that search models that fail to control for attribute search when estimating the price effects of search are mis-specified. Controlling for attribute search, we estimate the effect of search on retail food prices and find that less intensive search leads to higher retail prices. By strategically manipulating product variety in a grocery category, retailers can forestall consumer search, resulting in increased retail prices in equilibrium. In this regard, our findings mirror those of Richards, Allender, and Hamilton (2013) .
Future research can build on these findings. Our results would be strengthened if they were confirmed in a larger sample comprised of more households, more purchase occasions, and using alternative measures of search activity. While our data includes measures of page views and time spent viewing each page, it is technologically possible to capture more detail on shoppers' clickstreams. Clickstream data captures exactly what links were followed by the machine during each session, providing a more detailed picture of what was considered, and how seriously it was considered. Further, the U.S. market currently provides limited scope for online grocery research because only one firm offers online grocery shopping on a national level (Safeway.com). While there are many other regional and local firms in the market (Peapod, Fresh Direct, Relay Foods, etc.,) there is no large-scale, consistent data base that captures the type of search behavior required for the analysis conducted here. Finally, a richer data set, gathered in the near future when the industry is more mature, would allow development of a more comprehensive set of instruments. Clearly, search intensity is endogenous in models of consumer search, so that developing superior instruments is necessary to better identify equilibrium outcomes.
Our research is not without limitations. First, our reduced-form empirical model simplifies the complex world of online retail pricing by assuming variety is exogenous, and search does not depend on prices. In a small panel data set such as ours, we lack the necessary instruments to endogenize the decisions taken by each player in the market. Second, we estimate the equations describing price and search independently, and do not account for the possibility of error correlation between them. Given the evident importance of unobserved heterogeneity in our data, accounting for all possible sources of correlation between the random-coefficient specifications would have made the empirical specification intractable for all practical purposes. We hope that we have demonstrated the value of using clickstream data for studying search behavior so that future research with a larger data set may be able to overcome some of these limitations.
